As countries adopt computing education for all pupils from primary school upwards, there are challenging indicators: significant proportions of students who choose to study computing at universities fail the introductory courses, and the evidence for links between formal education outcomes and success in CS is limited. Yet, as we know, some students succeed without prior computing experience. Why is this?
INTRODUCTION
As countries adopt CS education for all pupils from primary upwards, there are challenging indicators: traditionally, significant proportions choosing to study CS have failed introductory courses [10, 75] ; recent studies suggest that not all pupils achieve intended outcomes using block-based languages [3, 27, 49] ; and there is limited evidence for links between formal education outcomes and success in CS [8, 60, 66] . It is a particularly important question as we move from CS as a largely optional subject to one that all pupils must take early in their school career. How can we ensure that all learners have a fair chance of success if we are unable to explain why some students fail while others succeed? For, as we know, some students do succeed in our courses without prior computing experience, while others, seemingly similar, fail. Why is this?
This study aims to shed light on this question and is based on the hypothesis that early childhood experiences outside formal education are a predictor of computational thinking skill/understanding demonstrated later in life. Given the uncertainty over the so-called geek gene [13, 22] or strong academic prerequisites for success in CS, this is intuitively appealing. We choose the broader measure of CT skills demonstrated later in life, rather than success in a CS course, to recognize those who, for example, successfully learn to program or are power-users of technology such as spreadsheets and databases without taking specific courses. As we argue in Section 6, the skills needed for complex problem solving with technology are also required in order to succeed in CS courses. The purpose of the study is therefore to look for evidence for or against this hypothesis.
To this end, we produced a survey that asks adults about
(1) their experiences, preferences, and activities as a child up to eight years old, (2) their current level of success with computing and programming, and (3) demographic information: their age, gender, and country where they were a child.
This survey, then, provides data about the participants at two points in their lives and our goal is to see if there is any relationship between these two points. Identifying a relationship between childhood activities and adult computing skills could be useful to educators in at least two ways: learners' earlier activities could be used to predict future computing success; alternatively, one could encourage children to engage in those activities that enable future computing success, ultimately improving outcomes in our classrooms.
Research questions
Our primary research questions are:
(1) Are there any childhood games and activities that are predictive of computing skills later on? (2) If so, to what degree are particular childhood activities predictive of later computing skills?
The particular kinds of computing skills that we are concerned with lie on a spectrum from competent use of computing technology to sophisticated problem solving, and on to success in programming and software engineering.
RELATED WORK
Work relating to this study includes work about the relationships between play and development in general, and work that relates aptitude, experience, or behavioral attributes to success or failure of computing students.
Early developmental activities
This study requires a broad understanding of play categories in order to ensure that any survey properly captures respondents' early activities. Whitebread et al. [78] provide an overview of the anthropological, sociological, historical, psychological and educational research concerned with children's play. They acknowledge the challenges of play categorisation in an academic landscape where for every aspect of a child's development, there is a form of play, as proposed in [50] . However, their framework provides a sound foundation to base the selection of toys, games and activities for the survey, identifying five core types of play -physical play, play with objects, symbolic play, pretence/socio-dramatic play, and games with rules. The framework shows a link between play and cognitive development and takes account of Vygotsky's widely supported view that play is the first medium through which children explore the use of symbol systems [74] . Of Piaget's four childhood developmental stages [54] , we wanted to explore mainly the preoperational stage (before the age of eight) when children engage in pretend and symbolic play with objects. Symbolic play was researched by Piaget [54] ; however he does not separate symbolic play from playing with objects as Whitebread et al. do. We believe that symbolic play with objects is important for abstraction which is an important aspect of logical and computational thinking. Playing with objects is important as it "allows children to try out new combinations of actions, free of external constraint, and may help develop problem solving skills" [67] . Table 1 shows a breakdown of Whitebread's framework, highlighting some of the main developmental functions/foci including the main psychological benefit and typical developmental trajectories in physically and psychologically healthy children.
Innate capabilities
The claim that the ability to program or not is innate and measurable was proposed by Dehnadi and Bornat [22] as the "two humps" hypothesis. They claimed that grades in CS1 were bimodal, reflecting two populations of students, those who can learn computing and those who cannot. Although Bornat later retracted their claims [13] , a number of researchers examined these claims. Caspersen et al. [17] tested that instrument with their students and found that the instrument was not a good predictor. Robins [59] investigated the "characteristic bimodal grade distribution" in CS1, and presented a model that explains the presence of extreme grades. The notion that CS grade distributions are commonly bimodal has been debunked by Ahadi and Lister [2] and Patitsas et al. [53] . Patitsas et al statistically tested nearly 800 different grades distributions and found bimodal grade distributions were extremely rare, and normal distributions to be most common.
A counter position to innate characteristics predicting success or failure is provided by Dweck's [24] notion of fixed versus growth mindsets-whether students see their abilities as something that can change over time based on their own efforts. Influenced by this, Lewis [44] asked faculty and senior students whether they agreed with the statement, "Nearly everyone is capable of succeeding in the computer science curriculum if they work at it"; 77% of the faculty members disagreed or strongly disagreed, evidence of a fixed mindset, while 59% of the senior students agreed or strongly agreed, Whole body and hand-eye coordination, strength and endurance. Rough-and-tumble with friends, siblings or parents/guardians. Chasing, grappling, kicking, wrestling and rolling on the ground. Distinguished from actual aggression through enjoyment by participant.
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Fine-motor practice. Sewing, colouring, cutting, junk modelling and manipulating action and construction toys.
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evidence of a growth mindset. This is consistent with McCartney et al. [47] , who found that many CS instructors believe that innate capabilities are predictive of student success to some degree.
Other predictive factors
Wilson and Schrock [79] developed a model using (up to) 12 factors to predict midterm scores in CS1; their most effective predictive factors were comfort level, math experience, and how students attributed their success or failure on the midterm. They also distinguished the effects of previous computer experience. Similarly, Bergin and Reilly [12] developed a model to predict students' performance in introductory programming courses, and found that using only factors measurable at the start of the course (such as math scores and previous computing experience) resulted in poor prediction; including course-related factors measured during the course such as score on first test and student comfort level improved the prediction. Simon et al. [66] found that students who go on to be successful programmers (as measured by CS1 marks) "tend to have pre-existing strengths in a strategic / algorithmic style of articulation. " Leeper and Silver [43] used factors from before University -SAT exam scores, number of units of Mathematics, English, Science, and Foreign Language taken in High School, and High School class rank -in a regression to predict grade received in CS1. They found that their predictive equation was significant, but only accounted for about 26% of the variation in CS1 grades. Rountree et al. [60] used class survey data to predict performance in CS1, and found that the strongest predictor of success was the expectation of receiving a high grade in the course.
A number of researchers have found behavioral attributes to be the best predictors. Watson et al. [76] found that students' programming behavior was a far more effective predictor than 38 traditional predictors of programming performance. Ventura [73] found that "measures of effort are the primary predictors of success" in a programming course. Höök and Eckerdal [32] investigated the relationship between final CS1 exam results and attributes of the course, including time students spent coding, time spent reading and listening to theory, and whether they perceived the course as fun, difficult, or intimidating. The factor that had the highest impact on exam results was the amount of time students spent coding.
Summary
Drawing together the related work, innate capabilities may be recognised by staff, but are not upheld by subject-specific or general education research. There is some evidence of prior academic skills influencing success, but they do not account for a large proportion of the variation. Rather than pre-course predictors, many researchers have found that behaviour on the course is a better predictor. How childhood activities outside formal education influence CS skills later in life appears to be unexplored. However, there is a good agreement on an encompassing range of play categories on which to base our survey.
METHODOLOGY 3.1 The survey
To address RQ1, we chose to develop a survey that collects information about respondents' early activities, their later CS skills, and demographics. We use "early activities" as a shorthand for the toys, games and activities that respondents recalled from their early life. We set the bar for "early life" as age 8 or less because we are interested in applying any relevant findings to pre-school and early primary education. We recognize that recall of activities from that age may be considered to be problematic. However, we believe that participants' responses can be trusted based on our literature review as follows: Studies indicate that adults recall well childhood memory in terms of activities, location and who was present; however recollection of detail is generally poor [77] . Additionally, Howes, Siegel and Brown [34] found that especially positive or emotionally neutral memories are accurate. Hardth and Rutter [30] found from a comprehensive review study that "recall of experiences that rely heavily on judgment and interpretation have not been found to have satisfactory validity" (p.270). In our study we do not ask our participants to interpret or make judgments, we ask only for recall of activities which correspond to positive or neutral memories. Issues around accuracy of memories and reliability of memory recall are discussed in more detail at the end of the Discussion section.
In the overall structure of the survey, which is reproduced in full in the Appendix, there was a deliberate attempt not to bias respondents' thinking before they started the questionnaire. The second question asks them to recall their favorite three early activities, responding in free text, preceded only by text and a question about preliminary consent to continue with the survey. We defer asking for full consent until the end of the survey, explaining to the respondent that we are not going to explain the purpose of the survey until then, to avoid biasing their responses.
We deliberately aim to be vague on the definition of the CS skills we are looking for, as that is a topic of significant debate. Instead, we are looking for activities later in life that require broadly the skill set we are interested in. Where responses to the questions on programming success and ease (Q8 and Q9) clearly indicate that the respondent has written programs for themselves or for money, we infer that they have the relevant skills we are looking for. This leaves a number of respondents for whom the proficiency in skills we are looking for is unclear. Question 7 aims to assess whether such respondents have our target skill set. It is based around use of IT, on the assumption that all respondents would use IT to some degree. It is recognized from literature [18, 31, 39, 80] and our practice that nowadays programs are written by specialists in other domains who do not identify themselves as programmers and may not have ever been in a programming class. Dorn et al. [23] (p.30) report of the projects completed by end-users that "the projects were typical of what one might expect from a novice programmer". So, the assumption is that the complexity of the IT use is related to our target skill set. The elements of Q7 relate to commonly accepted themes around use of technology:
• whether a user can set up / get started with IT systems or tend to seek help from others; • whether a user makes use of the advanced features of typical software; • Whether a user helps others to fix their IT problems, or are recognized by friends/colleagues as the person who can debug IT issues; and • whether a user writes scripts, macros or programs associated with their IT use.
Data collection
The surveys were distributed via Survey Monkey. The participants in our study voluntarily responded to the survey. We did not prior disclose the content or the goal of the survey and no monetary compensation was offered for completion. We recruited our participants in various ways: invited friends, family, members of non-profit organizations (e.g., church) and close work colleagues to participate and share the survey within their networks; invited undergraduate and postgraduate students from our institutions by sending mass e-mails; invited members of student clubs by sending the link to the club chairs; posted the questionnaire on our Facebook, LinkedIn and Twitter accounts; and posted the questionnaire on our institutions' websites, internal shared space, and also national and international networks. Our survey did not ask anything about the educational background of participants. However, the relatively even distribution of different job titles, ages, types of childhood experiences and confidence and skill in solving complex problems using computing technology suggest respondents were drawn from a wide range of different backgrounds. More detail on the likely backgrounds of participants is provided in section 4.1.
Data cleanup
Survey Monkey was used as the primary data collection tool by all of the researchers. They either used a specific collector link to the English language survey or were given access to a copy of the survey to translate and then localise.
After the collection period ended there were a total 2002 survey responses recorded. These were then filtered to remove partially completed responses where participants had exited the survey prematurely giving 1340 responses and an average response rate of 65.89%. The final step, before exporting the data, was to filter just Session: Working Group Presentations ITiCSE-WGR'17, July 3-5, 2017, Bologna, Italy (1) friends and family members with a link, suggested that they pass it onto their acquaintances, and (2) daily email posting that goes to all faculty and staff at University of Connecticut. Collector 12 42 Family, local Kiwanis club members, Church, Honors class (second year algorithms and data structures) at local institution Total 1329 the responses where consent had been given after the full purpose of the survey had been explained. This left 1332 responses that were then exported and combined into the master data set. All responses to restricted choice items needed to be exported as text labels rather than numeric values due to a Survey Monkey bug that meant some questions had different text response values mapping to the same numeric value. Text response values for childhood activities and adult experiences in different languages were translated to their English language equivalents. In addition, some of the "response required" settings were not copied over to two of the foreign language versions of the survey which meant that 38 of the complete responses contained one or more missing values. Three of these entries had so many values missing that they were excluded from the dataset leaving 1329 complete responses. Any unexpectedly missing value was marked with a -1 to distinguish it from an optional response that had been left blank and items that had been marked as non-applicable which were coded as 0.
Values for country varied by method of data entry, with fixed choice responses containing a two letter country code in addition to the name of the country and free text entry containing just the name. All two letter prefixes were removed and the name of the country was also capitalized.
The final stage in the cleanup process involved mapping fixed response text values to an ordinal value or nominal value that could be subsequently analyzed.
For the demographic information:
• age range was assigned an ordinal value starting at 1 for the youngest group up to 7 for the oldest group • gender was assigned a nominal value between 1 and 4.
• jobs were assigned a nominal value indicating whether
Computing skills would be required with (1) unknown, (2) not required and (3) required.
For the other response options:
• level of enjoyment was assigned an ordinal value from (1) none or low up to (5) very high.
• level of agreement was assigned an ordinal value from (1) strongly disagree through to (5) strongly agree.
• frequency of activity was assigned an ordinal value from (1) not at all to (5) a lot.
• programming proficiency was assigned an ordinal value from (1) never tried to program at all through to (5) you have successfully written programs mainly requested/ paid for by others. • relative difficulty in learning to program was assigned an ordinal value from (1) no experience through to (5) they found learning to program much easier than most others.
ANALYSIS AND RESULTS
A strict statistical analysis of survey data was conducted as well as a more exploratory analysis. The former is described in this section, the latter in the following section.
Data summary
The participants in this study, after data cleaning, were 1329 individuals who represent different age groups, genders and have different levels of computer experience. Our participants spent their first eight years of age in 67 different countries. Table 5 presents the top 10 countries. As we see in Table 4 , we have representation for each age-group with similar percentages for young and middle-age participants. The largest group is represented by 45 -54 year olds (22.3%) and the smallest is 75 and above (the survey was responded by only 5 participants). More women than men responded the survey (ratio of 1.66/1); eight participants reported their gender as "other", and 11 did not disclose their gender (see Table 3 ). Table 6 represents the level of computer experience. As we can see, we have a balanced number of participants in each category. The majority of the participants who have been in a programming class (75.8%) responded that it was much easier or easier for them than for other individuals in the class (see Table 7 ). As explained in Section 3.2, we sampled our data from a variety of sources including students and individuals working in different fields including computing and non-computing professions. Our survey results are a convenience sample due to the use of our own networks and are therefore less likely to represent the population at large. As our networks include students and generally more professionals, we report that the majority of participants are from medium to upper level economic classes. We believe that there is no bias in our selection of participants as we compare individuals with CS background to individuals with other professions.
There is evidence to suggest that sociological differences in access to early cultural capital exist [41] ; however our study doesn't address this issue.
Quantitative Analysis
To answer our research questions, we wanted to perform an ordinal logistic regression using the childhood activity questions as predictors, and some measure(s) of adult computing as the outcome variable(s). We selected this stricter form of regression as the included response values have a relative ordering but the exact difference between the levels of response is unknown. 
Cluster analysis of adult computing questions
We asked 12 questions about adult computing use however we needed to ascertain whether they measured different aspects of computing proficiency or the same underlying characteristic(s). To try to reduce the dimensionality of this set of questions, we Session: Working Group Presentations ITiCSE-WGR'17, July 3-5, 2017, Bologna, Italy performed a non-linear principal component analysis (NPCA). This was done with the homals package in R version 3.4. As seen in Figure 1 , two clusters were present in the set of twelve adult computing questions. We ran the NPCA with higher dimensions (3 through 6) and did not find the higher-dimension models had less loss than the 2-dimensional NPCA.
The two clusters were:
(1) Cluster 1: Q7.2, 7.7, 7.8, 7.5 -questions generally related to confidence in understanding and using computing technology (2) Cluster 2: Q7.4, 8, 7.6, 7.1, 7.10, 9, 7.3, 7.9 -questions generally related to complexity of computational problems they can solve
Identifying proxies for the two clusters
At this point we faced a design decision: whether to use the principal components (or a varimax rotation thereof) as our measures of adult computing, or to use one question from each cluster as a proxy for the cluster. We chose the latter to improve reproducibility: this way future studies can use the two proxy questions rather than all twelve questions. We used Item Response Theory Factor Analysis (IRT-FA) to identify which questions were most discriminating in each cluster. This was done with the irt.fa function in R's psych library.
Based on the IRT-FA results we chose Q7.4 and Q7.8 to be our proxies for the two clusters. They were chosen because they were the most centered in figures 2 and 3 with an amplitude closest to 0.5. These questions were: 7.4 "I develop spreadsheets, databases or other systems to analyse data" 
Predictive modelling
With our two proxy measurements of adult computing behaviour identified, we then performed two ordinal logistic regressions using R's polr function. Both regressions used all 43 questions about childhood activities as predictive variables. Using Bonferroni correction, we used an alpha value of 0.0005 to reduce the likelihood of false positives in our models. This does however mean that our model is very conservative and has a greater chance of missing some associations between childhood activity and adult computing proficiency.
To test goodness of fit for the models, we used the HosmerLemeshow goodness of fit test (logitgof in R).
The goodness of fit for our model for cluster 1 was statistically significant (p = 0.0000003). But the goodness of fit for the model of cluster 2 just failed to meet the threshold for statistical significance (p = 0.06). As a result we failed to reject our null hypothesis that there was no association between childhood activities and cluster 2.
The The two predictors had an log(odds ratio) of -2.11 and -2.06 respectively. Per [19] these are both considered to be medium effect sizes. The full regression table is available in section 8.
SPECULATIVE EXPLORATION
Independently of the analysis described above, and inspired by magazine questionnaires, we attempted to combine the "current use" answers from Question 7 into a single number that reflects the overall computer use over a range of tasks (affinity for computational thinking). The questions are given in Table 8 . To do so, we converted the scales of each question to (-2, -1, 0, 1, 2) corresponding to Not at all, A little bit, Somewhat, Quite a bit, and A lot for the positively-stated questions. The statistic, which we denote AHMCTA, for Ad Hoc Measure of Computational Thinking Affinity, is a linear combination of these 10 values, with weights of 1 for each of the positive-viewpoint questions and -1 for each of the negativeviewpoint questions. For each individual, this statistic is a number over the range [-20,20] , with higher numbers corresponding to greater sophistication or comfort in use of computing technology. As there were very few missing values in Question 7, AHMCTA had only three missing values (corresponding to individuals who did not answer all of the parts of Question 7). The analyses done with AHMCTA are not meant to be statistically rigorous in terms of meeting assumptions, rather they are explorations that might suggest areas of further examination. The overall distribution of AHMCTA is shown in Figure 4 . It is relatively smooth, and skewed somewhat to the right. Does the AHMCTA statistic plausibly reflect the level of technology use or comfort of a user? Arguably so: those respondents who give the "maximum" answer on all of these questions report a high amount of technology use and comfort across a large range of activities; similarly those at the other extreme are less sophisticated (1) Assigning the qualitative scores to numbers assumes the differences between adjacent categories are equal: the difference between "Not at all" and "A little bit" is the same as the difference between "A little bit" and "Somewhat", and so forth. (2) We weight the questions equally; if some questions measure the same thing, then that thing is given more weight. Neither of these problems is insurmountable, they suggest that a more sophisticated combination function might lead to a better statistic.
Given this measure, we examined how well it could be predicted by answers from other questions, specifically the answers from Questions 3 and 5, each of which is answered on a 5 point scale measuring the amount of enjoyment or level of agreement respectively.
Question 3 regressions
As a first cut, we attempted to build a linear model predicting AHMCTA from Question 3 answers. Unlike Question 7, "N/A" is a possible answer for people having no experience. The number of N/A answers in Question 3 ranges from 12 to 728 out of 1329 responses; the median value is 77, the mean is 134.86. Six of the questions have over 10% N/A: Q3.21 (55%), Q3.10 (39%), Q3.13 (14%), Q3.20 (13%), Q3.18 (12%), and Q3.17 (10%). We chose potential independent variables for the model by taking the questions that correlated best with AHMCTA (ignoring the questions with N/A rates over 10%). We built a linear predictor for AHMCTA using multiple linear regression using these variables, then eliminated the least significant variable in the model one at a time until each variable remaining had a p-value < 0.005. The result of this sequence of operations on Question 3 was a predictor using Questions Q3.14, Q3.15, Q3.16, and Q3.19; Q3.15 (Reading on my own) and Q3.19 (Playing with construction toys without moving parts) had positive coefficients, while Q3.14 (Fantasy play -puppets, Barbie dolls, Action men) and Q3.16 (Being read to by others) had negative coefficients. This regression had an R 2 value of 0.0837, and was significant with p < 2.2 × 10 −16 . While the predictive value is not particularly high, the variables that contribute positively, Q3.15 and Q3.19, are the same ones found as significant with the ordinal logistic regression discussed earlier.
Grouping question 3 activities
An alternative to using the individual questions in Question 3 is grouping them into variables based on what sort of developmental activities they correspond to. We use the types of play presented in Table 1 . Rather than sum the individual questions in each group, we used the mean value; with the large number of N/A values, the number of observations where a group had no N/A answers was small).
Using these groups as independent variables, we went through the same sequence of regressions as with the individual questions above, starting with all four variables. The resulting model had two predictive factors, Physical play with a positive coefficient, and Symbolic play with a negative coefficient. It had an R 2 value of 0.0465, and was significant with p < 4.4 × 10 −14 . While significant, the predictive value is quite low.
Question 5 regressions
As we did with Question 3, we attempted to build a predictive model of AHMCTA from the Question 5 answers. With one exception, there were relatively few N/A answers (Q5.6, "People around me were into programming", had 442 N/A answers out of 1329), so all but that one could be considered, but the correlations between Questions and AHMCTA were relatively low. Building successive models as above, we ended with a model based on a single question (Q5.9, Trying new things was encouraged) with a positive coefficient, with an R 2 value of 0.0095, significant with p < 4.0 × 10 −4 .
Summarizing Explorations
Using AHMCTA as a measure did not lead to particularly strong predictive models. The model from the Question 3 regressions included the two questions found to be significant in the logistic regressions, plus two more, suggesting that those two questions might be worth further investigation. Grouping the Question 3 activities by type of play did not improve things, but assigning the questions to the play types was inexact, and using the average may have muddied the data. The Question 5 regression is significant, but with a very low R 2 ; these particular statements do not seem to be very predictive of AHMCTA.
DISCUSSION
In the strict statistical analysis of our outcome measure of computing skills, we have identified two clear traits, which we deem to be related to confidence in the use of computing technology, and the complexity of that use. In looking for connections between these two traits and the participants' childhood activities, we find: no statistically significant relationship with the complexity trait (it was marginally outside the significant range); and a highly-sigificant relationship of medium effect-size with the confidence trait, based on two childhood activity items -reading on one's own, and playing with construction toys with no moving parts (bricks, simple lego, etc.) The exploratory analysis further confirms this relationship.
These results, and the study generally, raise many questions for discussion:
• Why do we deem the two traits to relate to confidence and complexity with technology use? • How do reading on one's own and construction toys with no moving parts relate to confidence with using computing technology? • Why has the study found no relationship between the complexity of problems solved using computing technology and childhood activities? • Do age or gender of respondents have an effect?
• Can recall of childhood experiences be trusted, and other potential threats to validity?
The Two Traits
The statistical analysis has identified two clear traits in the outcome measure of computing skills. What do we think these traits represent, and why? One trait consists of the following questionnaire items:
Session: Working Group Presentations ITiCSE-WGR'17, July 3-5, 2017, Bologna, Italy These questions mostly consider the level of engagement with computing technology, not the actual activities performed on the technology. For example, "I avoid using computing technology…", "I immediately ask someone for help", "I get other people to…". They seem to concern an internal or visceral response to computing technology which we interpret as an overall measure of confidence in using it. Question 7.7 consists of two parts. The first, "I use computing technology by writing down or memorising the steps I have to follow", relates to actually working with the technology and gives an indication of the depth of understanding of the technology, but the second part, "if something goes wrong, I'm a bit lost", is back to more of a confidence statement.
The second trait consists of the question items (see the Appendix for the full versions of questions 8 and 9):
• 7.1 I understand advanced features of a word processor such as styles, accurate positioning of images, and automatic section numbering. Many of these are closely connected to what the respondent is able to do with the computing technology: "I fix…", "I develop spreadsheets… to analyse data", "I work out how to use it", "I set up rules or macros", and descriptions of programming ability and apparent level of ease of learning to program. Question 7.10, about how folk come to the respondent to get their technology issues fixed, speaks to an underlying ability to both understand and work with technology. Question 7.6 is the opposite of the first part of Question 7.7, discussed earlier, getting at the depth of understanding of computing technology generally: responding positively to 7.6 indicates that an underlying model of how the technology works is being developed by the respondent as they play around with the technology; whereas the activity described in 7.7 indicates a very shallow understanding of technology, with use only possible via tightly following a set of precise instructions provided by someone else.
We see this trait, therefore, as a measure of the ability level of the respondent in using computing technology, or the complexity of their use.
We note in passing that all the confidence trait items are expressed negatively, while all the complexity items are positive or neutral. However, given the nature of the principal component analysis that determined the two traits, it is not clear that this unnoticed distinction between the questions could be having any effect.
Relating Reading and Construction Toys to Confidence
In order to understand more about how reading on one's own and playing with construction toys might contribute to confidence with technology, we will explore some of the pertinent characteristics of using computing technology. Software applications tend to be low on explicit instructions, requiring the user to infer from what can be seen on the screen what it is that they need to do to operate the technology. With careful design, such as in a well-made smartphone app operating in a narrow context, the software guides the user effectively on the steps they should follow. But more complex software tends to be more of a general purpose tool, with a complex underlying model that is well-hidden. For example, a modern word processor has all the power once commanded by a professional type-setter, with a hugely complex model of a document embedded within it. This model cannot be displayed on screen in full, and so a successful user develops an increasingly complete internalised model over time as he or she uses the software, where each use is a kind of learning experiment resulting in a little more knowledge. Investigation skills are strongly in play during this process, and also when the software inevitably doesn't do what was expected. Furthermore, the very nature of a general purpose tool demands that the user work out how to complete their tasks using the tool at hand -a problem solving activity. Such a focus on problem solving is reported in Attard, Mountain and Romano in their study of computing use [5] . Computing technology changes all the time, of course, and so being able to adapt to change, to be able to transfer knowledge and skills from one context to another, is important. In the face of regular change, investigation, and problem solving, then a level of resilience is also required. Hence, confident use of computing technology is likely to require:
• confidence and resilience in the face of uncertainty and change • ability to develop and hold mental models associated with the technology • investigatory and problem solving skills We have found no direct studies that link reading ability to confident use of computing technology, and so we develop an argument based on the literature. Terminologically, reading instruction is distinguished from reading for pleasure [21] , with significant benefits accruing from the latter, including particularly the development of willpower and self-direction. We judge our activity of Reading on your own to be the same as reading for pleasure. A longitudinal
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ITiCSE-WGR'17, July 3-5, 2017, Bologna, Italy study [70] followed 6,000 children from similar socio economic backgrounds to establish the cognitive benefits from reading for pleasure. Findings show that those who read books often at an early age gain higher test scores at the age of 16. While researchers were not surprised with the impact on children's literacy attainment, the link to maths scores was not expected. Their justification for this is that a strong reading ability enables children to absorb and understand new information, which must be structured in some kind of internal model, e.g. of people, relationships, places, events, and which therefore impacts positively on their attainment in all subjects. This could relate to resilience and the ability to develop mental models when using computing technology as noted above. An alternative view on the reading attribute is that, in order to enjoy reading on one's own, a high level of executive function (EF) is required [65] . EF is a loosely-defined term capturing a number of higher-order cognitive skills necessary for independent goaldirected behaviour. Such skills include holding and manipulating information in working memory, planning and sequencing tasks, ascertaining the "big picture" from a complicated set of details, thinking "outside the box", and self-control to, for example, meet unanticipated challenges. Hence reading on one's own may be an indicator of a deeper set of skills that are related to confidence with computing technology, since skills associated with executive function relate well to holding mental models and problem solving identified above.
As for the other factor, playing with construction toys with no moving parts, we refer back to Whitebread's findings [78] given in Table 1 , which outlines a wide range of benefits for children playing with objects, incorporating construction toys with no moving parts, in the early years. Examples are perseverance, positive attitude and self-regulation towards challenge, investigative behaviour, thinking, reasoning and problem-solving. These all relate to the items identified above, associated with confident use of technology. Clavio and Fajardo [20] explain why playing with blocks develops problem solving skills. They label blocks and building sets as divergent materials. This means that they lead to multiple uses and the open ended result encourages open ended thinking. They suggest that problem solving requires memory, reasoning and metacognition and that playing with blocks can help develop these.
Studies by Jirout and Newcombe [35] and Oostermeijer, Boonen and Jolles [52] and Richardson, Hunt and Richardson [58] link playing with blocks (construction toys with no moving parts) and the development of spatial awareness. The relevance of this links to Sorby's work on the importance of particular kinds of spatial skills, such as mental rotation, on achievement in a variety of different STEM disciplines [68] . The analysis of factors involved in confidently using computing technology above points to the need for identifying hidden models in software, related to spatial awareness, and the work of Sorby has clearly identified the value of spatial awareness skills for science and technology subjects.
Why no relationship with Complexity?
Our original hypothesis suggested that childhood activities outside formal education are a predictor of computational thinking skills demonstrated later in life. Using the complexity trait in our outcome measure, we have found no statistically significant predictor, with the model developed having a significance value of only 0.06, and the exploratory analysis found nothing of real significance here either.
The highly significant model derived for the confidence trait suggests that asking survey respondents about early childhood experiences and relating these to later behaviours is a valid method. We discuss this in more detail later in this section. So the general methodology is workable. Intuitively, however, we were surprised that no connection emerged. It may of course be the case that the experiment is correct in every respect and there is no connection; having considered our survey design carefully, however, and as a prompt for further analysis and research, we raise the following two issues with the design.
Unexpected responses on skills.
Even though we trialled the questionnaire prior to distributing it widely, we found conflicting responses in respondents' answers that would reduce the significant of the link we were looking for.
Building questionnaires for a global audience is not easy. In our case, the questions that asked about favorite childhood toys, games and activities and their key features, as well as how supportive the environment in which the respondents grew up in, were easy enough. Participants were provided an extensive list of options, and they could also type in additional data points that they thought were missing from the questionnaire. When asking about the current use of computers and applications, questions were constructed to capture as wide a relevant experience as possible from the participants: there are questions about studying programming and programming proficiency, as well as questions to determine individuals who are proficient with the advanced use of technologies of interest.
The questions were built by the researchers with an extensive domain knowledge on both teaching computing and computing in general. It is possible that an individual who knows the domain understands the questions as intended, but it is also possible that some participants do not understand the questions as intended. For example, some participants may have not understood the question on developing spreadsheets, databases and systems to analyze data in the way the researchers intended -some may, for example, consider digitizing information into a spreadsheet as developing a spreadsheet.
Furthermore, we noticed a potential confound between items in question 7 that asked about advanced use of common officebased software such as spreadsheets and databases, and question 8 which asked about programming proficiency. While we wanted to capture both aspects individually, they are linked in the context of this study: in the broadest sense, computer programmers are individuals who develop applications written in programming languages -these could be general purpose programming systems, but also for example, spreadsheets, databases and web systems. As identified in [39] , there is a large category of professionals who write spreadsheets, databases and websites to support their job or hobbies. Indeed, we note in our data that these professionals do not necessarily consider themselves to be programmers: in our analysis we have observed that a large proportion (44%) of participants who indicated that they write macros, databases, spreadsheets or other
systems to analyze data (see Q 7.4 and 7.9) did not report themselves as programmers (Q8), in that they reported that they never took a programming course or they failed it, rather than indicating that they were successfully programming. We believe that these participants are in fact programmers, but we note that we should have treated them as related/complementary variables, rather than independent variables, as we have done. The confound in the data will weaken/confuse the complexity trait with a knock-on effect on its relationship with childhood activities. In order to address this aspect we aim in future work to include a definition of what a "programmer" means, or alternatively to treat the answers to these two questions in a different manner.
Lateness of the computational thinking skills measure.
The confound noted in the previous paragraph sheds light on a larger issue with the study as a whole.
The study has been driven by the widely-acknowledged anecdotal observation that some students succeed in introductory CS courses at university level and some don't, even when both groups of students have no prior experience in CS. Given that the evidence is not strong for pre-requisite school subjects or innate ability contributing to success, we conjectured that success may come from childhood activities outside formal education. We operationalized this as a search for common childhood activities evident in respondents who were demonstrating computational thinking skills later in life. We used the measure "demonstrating CT skills later in life" as a relaxation of a stricter measure "passed/failed an introductory CS course" (upon which the motivating anecdotal observations is based) so that we could poll individuals from a wider range of backgrounds (e.g. non-university, non-CS), and because a self-report is easier to manage than needing to connect responses to course grades.
However, the study design captures an unintended viewpoint on learning computing skills: that childhood experiences are the dominating influence in being able to pick up these skills. It is one thing to conjecture that an 18-year-old university student's success on a CS course might be strongly attributable to key activities undertaken just 10 years ago, where other academic activities have already been largely discounted; but it is quite another to claim that these early activities are the key predictors of success with technology for a 30, or 50, or 60 year old. Considering Carol Dweck's growth mindset [24] , those who wish to learn about computing technology, have the necessary resources, and the belief and ability to persevere, will be able to teach themselves; as part of their jobs, they may also attend a range of training courses directly targeting technology skills. Just because they may have failed our very particular kind of computing course at university does not mean that they are unable, with appropriate motivation and opportunity, to pick up the skills later in life.
A final observation about the questions on current skills, and why there may be no proven link between them and childhood activities. Whereas every respondent will have sufficient experience of computing technology to answer the four confidence questions accurately, some of the questions in the skill-based trait are not necessarily measuring a skill level. For example, a respondent may answer that they don't build spreadsheets and databases to analyse data. How is this response to be interpreted? Is it that they choose not to, or they are unable to, build such artefacts? They may have the necessary skill, but it's not something they ever need to do.
To understand more clearly the observations of students' varying success in our courses, and whether these are related to early childhood activities, we will need to run a more tightly controlled study.
"Why didn't you look at …?'
The goal of our work has been to take the first steps towards understanding whether and how early developmental activities affects computing proficiency. This exploration was conducted through an analysis of responses to a questionnaire that asked for memories of joyful childhood activities and linked them with computing related activities and beliefs in current life. The responses to our study (n > 1300) represent a cross-section of members in various societies and countries. To paint the overall picture and to open up avenues for future research, we chose to focus on the analysis of the data as a whole, without looking for sub-populations in the data.
We do not know the extent of selection bias in our data, but one could argue that the majority of the responses may come from so-called upper, upper-middle and middle classes. Similarly, as we focused on the analysis on the responses as a whole, it is possible that the results could have been different had we studied the responses of each data provider individually.
We ran a sense check on the data for age and gender, as the most obvious sub-populations where responses might differ. Averages for each question were calculated for each age and gender category. Averages were then compared, for each question, to see if any particular age group or gender responded clearly differently to the others. We did the same for the number of respondents who indicated for each question whether they had experienced the corresponding activity, given that there was a not-applicable response category. They did not appear to differ significantly. With respect to age, the only childhood questions that showed some difference between the age groups were the questions related to the numbers involved in, and their enjoyment or use of, design and tech toys and activities involving programming. There were steadily fewer respondents in, and they were steadily less positive about, these categories as age increases. This can be explained by older people in general having either limited or no access to such toys and activities; where there was only limited access, this may not have been enough to have formed a significant impression. When looking at gender, there is also some difference in enjoying design and tech toys and toys with a programming element, in favour of males. The questions that were in the predictive model (Q3.15, Q3.19) were rather evenly distributed across the groups.
The country of the responder could possibly influence weights in the data and thus influence the overall predictive model, although we didn't explore this further. For example, running the analysis on data only from India may produce different results as per the UNESCO Institute of Statistics report from 2015 approximately 72.1% of all people aged 15 and above can read and write, whilst the same number for e.g. Romania is 98.8%. Differences in gross domestic product (GDP) per capita, which can be observed between some of the countries from which data was entered to our survey, could also influence some of the results.
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These observations all suggest ways in which the questionnaire could be improved upon in future studies.
Threats to validity
Clear concerns in a study of this kind relate to the self-reporting of early memories and to what kind of memories are stored from early childhood.
6.5.1 Self-reporting and memory recall reliability. The following key issues were elicited from the literature:
• Telescoping of memories [6] , where the precise date for events is misplaced forwards or backwards in time. Respondents to our survey did comment that they were unsure whether the recall was from age 8 or earlier, or in truth from some time afterwards. This is not a major issue for us as we are concerned in this initial study only with the broad period of childhood up to around 8 -a year or two later doesn't matter.
• Fadnes [42] identifies a number of aspects. Recall period is important as a longer period reduces recall but makes it more representative. This is fine for this study as we are looking for a representative picture over time rather than an activity enjoyed once only.
• Some items are selectively recalled more easily than others.
The survey had free response items subject to this issue, but also many rating questions on fixed items. Furthermore, Howes [34] , focusing on early memories, indicates that positive memories, such as we are looking for, are just as well remembered as negative or traumatic experiences, counter to prevailing beliefs.
• Suggestibility and social desirability. This is where the questionnaire leads the respondent, or the latter tries to "look good" in the eyes of the experimenter. We avoid biasing the respondent in this way by minimally explaining the context or purpose of the questionnaire in advance.
• Bias. Unintentional bias introduced via the questions is always a concern. Where the questionnaire was to be delivered in other countries or cultures compared to its originating country, Scotland, the local experimenter ensured that it was adjusted for the local context. An example was ensuring that named games or activities would be commonly known to local respondents. Age and gender bias have been discussed in the previous section.
Accuracy of childhood memories.
This concerns the formation and reliability of childhood memories. Work by Bauer and Larkina [7] suggests there are different memory mechanisms up to age 3 1/2, then up to 9, up to 18, and finally to adult. Most of the memories in the earliest phase are lost. Wells [77] examines the earliest memories in which one could have confidence. Both positive and negative memories were found in the age range 3 1/2 up to 10, closely related to our target range; the memories were rarely highly detailed, focusing on activities, locations and the people present, but this is enough for our needs. Some respondents in our study were concerned at the validity of their memories. While Wells notes that there will always be a degree of inference and construction, a study by Howes [34] on very early memories showed that the majority of memories proved to be accurate, irrespective of whether they were positive or negative experiences being recalled. Asking about the most enjoyable early activities is therefore reasonable. Furthermore, participants in [14] noted particularly vivid memories of times when they were playing alone, which is relevant to some of the activities in the questionnaire.
CONCLUSIONS AND FUTURE WORK
Considering our initial research questions, we have met RQ1: Yes, there are childhood activities that predict aspects of computer use later in life. We have found two childhood activities that are linked with a measure of confidence in using computing technology: these are reading on one's own and playing with construction toys with no moving parts. And we have an answer to RQ2 as well, in that the two childhood activities identified have a medium effect size.
We have demonstrated the principle that recollection of childhood experiences can be correlated with current abilities with a high level of statistical significance.
As for the particular findings, confidence with computing technology is an essential first step on the journey to becoming a highend user of technology, and the activities identified as being related to that confidence can be considered for greater emphasis in early years education. It is interesting to speculate whether playing with construction toys might develop executive function which in turn supports the ability to read on one's own -and that the increased executive function ultimately leads to a range of traits supporting confident use of technology.
We did not find a link from childhood activities to more advanced use of computing technology. But, as we have shown in the discussion, there are a number of methodological reasons that explain why this may be, principally to do with issues with the way the complexity questions were framed and then analysed. Further work could either re-run the questionnaire in a similar way, across the wider population as was done here, but with complexity questions that are unambiguous; or it could focus a related questionnaire specifically on the target age groups we're interested in, using in-class performances as the outcome measure.
APPENDIX: THE SURVEY Toys, games, and play
Thank you for opening up this questionnaire.
The questionnaire asks about the kinds of toys, games and activities that you preferred when you were young (age 8 or under) and the home environment at that time, as well as the kind of study or work in which you are now involved and some basic demographic information such as age and gender. There are 13 questions and we expect the questionnaire will typically take around 10-15 minutes to complete. We are collecting no information that would identify you, and so your responses will be completely anonymous.
We will explain why we are asking these questions in detail at the end of the questionnaire. We are not doing so at this point, because in pilot runs of the questionnaire, we have found that participants' answers are biased if we explain the study beforehand.
If, for any reason, you are not happy with participating in the study once we have explained it fully, you will be able to withdraw at once.
The questionnaire should only be completed by participants who are 18 years of age or over.
This study adheres to the British Psychological Society's ethical guidelines, and has been approved by the College of Science and Engineering's ethics committee at The University of Glasgow (ref: 300160139). The questionnaire is being deployed in many countries. You are free to discuss your participation in this study with the lead researcher, Professor Quintin Cutts at the University of Glasgow (contactable on +44 141 330 5619 / Quintin.Cutts@glasgow.ac.uk).
The questionnaire runs ok on Desktop Safari, Internet Explorer, Firefox and Chrome. We have noted occasional glitches with Safari on a tablet.
• Prefer not to say 13. In which country did you mainly live before the age of 8? Completing the questionnaire… As you may have guessed from the questions in the second half of the questionnaire, the purpose of the study is to determine whether there is a link between early childhood activities outside school and the kind of study or work that people undertake later in life. In particular, we wish to determine whether specific childhood activities are linked to study or work that involves computational thinking skills.
In previous studies, only weak links have been discovered between prior academic success and success in computer science courses. This begs the question -what is it, then, that determines success in such courses? Some believe that success is based on some innate ability. The hypothesis underpinning this study is that success is not based on activities undertaken in typical school subjects, but instead, on a particular subset of those games / toys / play that are undertaken outside school.
Such links between success in computing courses and earlier activities, whether academic or external to school, are of interest because failure rates in computing courses in secondary and tertiary education are typically relatively high. We are entering a phase in most countries in the world where computing science teaching is being introduced into primary schools. If we can find activities that link with computing success and include them in early years and primary curricula, pupils stand a much greater chance of success in computing courses.
We will be analysing all questionnaire data during July and should have a preliminary report prepared by the end of August. If you wish to find out what we have discovered from the data, please email Quintin.Cutts@glasgow.ac.uk at the end of August, and we will send you a summary of our findings.
Having read this explanation, if you are happy for your data to be included in the study, please click Yes in the question below. If you navigate away from this page now, or if you select No below, your data will not be included in the study. 14. By clicking on the Yes option below, you acknowledge that you have read and understood the detailed explanation of the study and are content for your answers to be included in the study.
Yes No
ORDINAL LOGISTIC REGRESSION
Call: polr(formula = trait1˜x1 + x2 + x3 + x4 + x5 + x6 + x7 + x8 + x9 + x10 + x11 + x12 + x13 + x14 + x15 + x16 + x17 + x18 + x19 + x20 + x21 + x22 + x23 + x24 + x25 + x26 + x27 + x28 + x29 + x30 + x31 + x32 + x33 + x34 + x35 + x36 + x37 + x38 + x39 + x40 + x41 + x42 + x43) 
